It is generally found that workers are more inclined to accept a job that is located farther away from home if they have the ability to work from home one day a week or more (telecommuting). Such findings inform us about the effectiveness of telecommuting policies that try to alleviate congestion and transport related emissions, but they also stress that the geography of labour markets is changing due to information technology. We argue that estimates of the effect of working from home on commuting time are biased downward because most studies ignore preference based sorting (self-selection): workers who dislike commuting, and hence have shorter commutes, might also be more likely to work from home. In this paper we investigate to what extent working from home affects the willingness to accept a longer commute and we control for preference based sorting.
Introduction
There is an ongoing debate about the extent to which working from home (also called telecommuting) affects length of the commute people are willing to accept. Early interest in the effect of telecommuting on commuting distance and household travel was mainly aimed at establishing whether telecommuting could be an effective policy instrument to alleviate congestion and emissions associated with car use (Salomon 1985; Nilles 1991; Lund and Mokhtarian 1994) . Increasingly, attention is being given to the notion that telecommuting also affects the geography of labour markets, for example, by having a positive effect on job accessibility (Muhammad et al. 2008; Van Wee et al. 2013) . Understanding the relationship between telecommuting and the length of the commute may thus both inform policies aimed at alleviating congestion and transport related emissions, and policies that aim to improve the economic performance of cities and regions.
Most empirical work on the effects of working from home on commuting tends to corroborate the intuitive notion that being able to avoid the commute one day in the week makes workers more willing to accept a longer commute on the other days of the week (Jiang 2008; Zhu 2012; Kim et al. 2015) . However, estimates for the size of this effect vary across the literature, the set of control variables included differs between studies, and there is little attention for the intensity of telecommuting (the number of days per week/month). Moreover, there is no consensus on a strategy to deal with sources of bias stemming from the fact that commute length and telecommuting are often decided upon simultaneously. While some studies aim to eliminate the positive reverse causality bias that arises if long commutes influence the decision to telecommute (Jiang 2008; Zhu 2012) ., there is a lack of attention for preference-based sorting, potentially leading estimates of the effect of working from home on commuting to be biased downwards. Workers who dislike commuting, and hence have shorter commutes, might also be more likely to work from home. So the real effect of working from home on commuting behaviour, and thereby on the geography of labour markets, might be larger than assumed up to now.
The objective of this study is to find out to what extent controlling for preference-based sorting affects the relationship between telecommuting and the length of the commute. Where earlier research on this subject is largely based on either panel data from specific experiments, or cross sectional data from large scale surveys, we use Dutch data from a panel survey, representative of the Dutch working age population, spanning 12 years. In the first part of our analysis we provide evidence that preferences for commuting differ between telecommuters and non-telecommuters by comparing the marginal costs of one-way commuting time (MCC) of both groups. To estimate the MCC we use job search and job mobility models, following the approach of Van Ommeren and Fosgerau (2009) . The panel structure of the data then allows us to model commuting time and examine to what extent such individual preferences bias cross sectional results, through preference-based sorting. We do this by comparing OLS estimates of commuting time to the results of a fixed effects model that controls for unobservable time invariant characteristics of respondents. Finally in the sensitivity analysis we apply an even stricter identification method based on the timing and intensity of telecommuting, and we allow for a non-linear effect of weekly hours spent working from home.
Telecommuting and the length of the commute

Theoretical implications of telecommuting
The potential spatial effects of telecommuting, and other ICT activities have been theorized upon for at least 50 years. According to Webber (1963) , the observed spatial expansion of market areas during the 1960s due to, inter alia, information flows was indicative of a looming ``demise of the city'' (Webber 1963 (Webber , p. 1099 . Such visions were generally based on the idea that information and communications technology would eventually substitute face-toface contact, and have been a recurrent theme in futurist writings on the death of cities, and the death of distance (Toffler 1980; Naisbitt 1994; Cairncross 1997) .
In much of the literature, telecommuting is seen as a potential policy instrument to decrease car-travel, of which the effectiveness is dependent on the overall effect on travel. In transportation research it is often stressed that telecommuting, and ICT activities in general, may substitute, complement, modify, or neutrally affect travel (Salomon 1985) . The notion of complementary travel is based on the idea that telecommuting may induce people to accept jobs over longer distances, making the net travel effects of telecommuting not necessarily negative. Furthermore, it is argued that households have a rather fixed mobility budget, and a decrease in trips for commuting would be substituted by leisure trips, and trips of other household members (De Graaff 2004) .
However, the welfare effects of telecommuting may stretch further, because workers that are able to telecommute can expand the geographical areas in which they look for jobs (Van Wee et al. 2013) . Basic urban economic models support the intuition that if telecommuters have less commuting trips than non-telecommuters, they bid less for homes closer to the Central Business District (the location of employment), and more for suburban homes (Alonso 1974; Lund and Mokhtarian 1994; Jiang 2008) . Rhee (2008) shows that in theory, similar results could be obtained in cities with dispersed employment. In situations with little building restrictions, telecommuting may thus in theory promote residential sprawl in a similar way as the automobile did (Glaeser and Kahn 2004) . In settings with strict urban containment policies, and a low elasticity of housing supply, such as the Netherlands (Vermeulen and Rouwendal 2007) , possibilities for telecommuting may increasingly enable workers to live in one city and reap the benefits of access to labour in other cities (Muhammad et al. 2008; Van Wee et al. 2013 ).
In the current work we are predominantly interested in the effect of telecommuting on the geographical scale of labour market areas. Therefore we focus on the relatively uncontested mechanism by which telecommuting potentially increases the length of one-way commutes, because it allows workers to commute less frequently. We do not take into account the effects of telecommuting on non-commute trips, and travel behaviour of other household members.
Empirical issues
Empirical research on the effects of telecommuting on the length of the commute started in the early 1990s, when personal computers started to become a household commodity. In a seminal publication, Nilles (1991) investigates the potential effects of telecommuting on urban sprawl and household travel, using data from a telecommuting experiment with California State workers that spanned two years. He concludes that at the time, telecommuting did not (yet) exacerbate urban sprawl, and that it resulted in decreased household travel. He did however find that telecommuting was associated with moves farther away from the work location, so his findings did not rule out future telesprawl as a consequence.
Later evidence on the relationship between telecommuting and the length of the commute is somewhat scattered, in part because of different definitions of telecommuting. 1 In a review of evidence by De Graaff (2004) it is concluded that most studies show a negative relationship between telecommuting and the number of commuting trips, and studies that do investigate the length of the commute find mixed evidence, but do not rule out a positive relationship. Andreev et al. (2010) conclude similarly, and stress that the majority of the literature suffers from problems such as the lack of a universal definition of telecommuting, the external validity of the results, and absence of theoretical substantiation of the results.
Recent endeavours increasingly pay attention to potential sources of bias that influence the results from observational studies. These sources can be divided into (1) omitted variables, (2) reverse causality, and (3) preference-based sorting. With respect to omitted variables, the advent of large scale surveys in which questions about telecommuting were asked, made it possible to control for a variety of respondent characteristics, and also made it possible to assess telecommuting across different industries. A notable work in this respect is (Kim et al. 2012) , who estimated the effect of telecommuting on peripheral living, controlling extensively for household characteristics including income, and job locations. Accounting for wage seems particularly relevant in telecommuting research, because earnings and telecommuting status tend to be correlated (Muhammad et al. 2008 ). Jiang (2008, p. 10 ) provides a clear-cut definition of the other two types of bias involved in the relationship between telecommuting and commuting distance, and the direction of these biases: "If [a] longer commute encourages an individual to work from home when allowed, a regression of commute length on telecommuting status will overestimate the effect of telecommuting. On the contrary, telecommuters could be those who feel more pressures from traffic. They would have shorter commutes in the absence of telecommuting opportunities.
This unobserved selection will lead to a downward [bias] in the regression estimates." We refer to the first bias he addresses as reverse causality, and to the second as preference-based sorting.
A study in which an attempt is made to overcome the bias from potential reverse causality is done by Zhu (2012) . He employs an instrumental variables approach, using the number of phones in a household, and the usage of the internet at home as instruments, argued to influence commuting distance only through the effects on telecommuting. Although the reverse causality bias he refers to should lead to overestimation of the effect of telecommuting, he finds that his IV approach leads to higher estimates, compared to OLS.
According to his IV results for the year 2009, telecommuters that work from home at least once a week have a 1576 percent longer commuting distance, and a 160 percent longer commuting duration on average. 2 While these estimates are large, the results suggest that the bias not accounted for in OLS models is positive rather than negative. Jiang (2008) uses a similar IV approach, but the instruments in this study are based on the penetration of home-based teleworking across combinations of occupations and city size classes. The results of this study show that OLS tends to underestimate the real effect of telecommuting. While the OLS estimates in this study show that, at least for married women, telecommuting increases commuting time by 3 minutes, the IV estimates suggest an effect of 9 to 11 minutes. No significant results are found for men, and single women.
The current study addresses several gaps that emerge from the literature. First, next to household characteristics we include detailed job characteristics as control variables, including monthly wage, the type of industry, the type of employment, and the usual number of work days per week. Especially the latter control is a novelty in this type of research.
Second, we make use of the time dimension of our data, and we focus on the effect of changes in telecommuting status, on changes in commuting time. Arguably, this makes the potential bias of reverse causality less pressing. While exogenous changes in commuting time (for instance due to firm relocations) may influence the decision to telecommute, this still indicates that telecommuting increases the willingness to accept a longer commute. Finally, the time dimension of the data also allows us to control for all time-invariant characteristics of respondents through the use of fixed effects models. Such time invariant characteristics include unobserved preferences for commuting, so this approach allows us to address the negative bias due to preference-based sorting. This is one of the first studies to address the relationship between telecommuting and commuting distance with a fixed effects approach. 3 3 Data and methods
Data description
Our empirical analyses are based on data from the Netherlands. The urban landscape of the Netherlands is characterized by a polycentric urban structure with many small-and medium sized cities. Labour-and housing markets stretch far beyond cities, and it is relatively common to live in or near one city, and work in another urban area (Burger and Meijers 2016) . Another notable characteristic if the concentration of employment in the Randstad area, in the west of the country. This area is also characterized by a higher wage level (Groot et al. 2014) , and better matching between workers and employers indicated by lower levels of overeducation (Büchel and Van Ham 2003) . In the Netherlands telecommuting is a relatively widespread phenomenon, due to the mass adoption of ICT, the high share of the tertiary sector in economic activities, and the high population density and the associated congestion problems (Muhammad et al. 2007 (Muhammad et al. , 2008 .
The data we use comes from the Labour Supply Panel (SCP 2016), and it consists of the 7 latest biannual waves (between 2002 and 2014) . While the panel has been running since 1985,
2002 is the first year in which questions were asked about the degree to which people work from home. We have 21,070 observations for 8,625 individuals, and for 326 individuals we have data for all years. 4 We are interested in the relationship between working from home and the (accepted) commuting time. Two questions from the survey we use relate to the intensity of teleworking.
The first asks to state how many days per month respondents work from home usually. The answers to this question are measured on an ordinal scale with 5 possibilities (0, 1, 2, and 3 days, and more than 3 days). The second question asks to state the average number of weekly hours spent from home in the 4 weeks before the survey date, and the resulting variable is measured on a continuous scale. We will perform our analyses using (1) a dummy that indicates whether or not a respondent telecommutes 1 day or more per month, (2) an ordinal factor variable that denotes the usual number of telecommuting days per month, and (3) a continuous measure of the average number of hours working from home. Figure 1 shows the time patterns of the share of respondents that work at least 1 day from home per month, and the average weekly hours working from home. While the share of people that work from home at least once a month is volatile across the years, ranging between 0.31 and 0.35, the usual number of weekly hours spent working from home shows a sharp increase beyond 2010.
The latter fact stresses that in terms of intensity, working from home is still a dynamic and upcoming trend. 4 We excluded extreme observations with commuting times longer than 500 minutes and daily wages higher than €1,000.
Commuting time is measured as the usual time it takes to get to work from the residential location. The data does not contain information on commuting distance. However, modelling commuting distance is generally plagued by assumptions about mode choice and commuting speed (Isacsson et al. 2013) , while the use of commuting time can be justified by the assumption that commuting speed is optimally chosen (Van Ommeren and Fosgerau 2009). Other essential variables are all deduced from answers to questions in the survey: We calculate the daily wage of respondents based on the (stated) net wage per month and the usual number of working days per week, assuming 6 weeks of vacation on average; job search is measured as a dummy indicating the respondent is searching for a job at the moment the survey was conducted; job mobility is measured as a dummy that indicates whether or not the respondent changed jobs between two consecutive survey waves, and in our analysis we use the 2-year lead of this variable. Table 1 shows the summary statistics of the full sample used in the first part of our analysis, including the average number of working days per week, firm sector and size, age, sex, the presence of children and a partner, and the wage of the partner. The summary statistics of the restricted sample of individuals for which we have information for all years are presented in Table 5 , Appendix A: Supplementary tables. Individuals in this part of the panel are less likely to search for, or change jobs, they have somewhat longer commutes on average, and they are slightly more prone to telecommute.
Methods
Preference-based sorting may be an issue when people who dislike commuting, and would have short commuting times in the first place, choose to telecommute. As elaborated upon in section 2, such behaviour biases regression results downward. In the first part of our empirical analysis we use a model based on job search theory to calculate the marginal monetary value of one-way commuting time (MCC) both for telecommuters and non-telecommuters separately. If the MCC is significantly higher for telecommuters, we interpret this as evidence for preference-based sorting.
Using the job search approach we relate commuting time and wage levels with each other through their effects on (1) on-the-job search, and (2) job mobility (Van Ommeren and Fosgerau 2009). The intuition behind this approach is that workers are not in their preferred job per se, and are able to improve upon their situation by searching for jobs, and moving jobs if they find a better fit that improves their lifetime utility (Van Ommeren et al. 2000) . By calculating the effect of commuting time on job search and job moving, we get an indication of the willingness to accept longer commuting times. Moreover, by calculating the ratio of the effect of commuting time and the effect of wages, we can put a monetary value on this willingness to accept (Van Ommeren and Fosgerau 2009). The advantage of this approach is that we do not need to assume that labour markets are in equilibrium (Gronberg and Reed reflect the best choices among all available alternatives. Conceptually, our regression model distinguishes between telecommuting as a job asset, and telecommuting as a substitute for commuting physically. We investigate the effect of telecommuting on the acceptability of one-way commuting times by examining the interactions between a telecommuting dummy and commuting distance. The main effect of this telecommuting dummy tells us something about the intrinsic value of telecommuting.
Several studies suggest for instance that working from home on designated, individual tasks may increase worker productivity (Bernardino 2017) . Furthermore, the possibility to telecommute may increase the chance of matching between workers and employers if labour markets for telecommuting jobs indeed have a larger geographical scale.
In the second part of the analysis, we estimate the extent of the bias due to preferencebased sorting by comparing the outcomes of an OLS commuting time regression, to the results from an individual fixed effects approach that makes use of the panel dimension of the data. The latter method corrects for all time-invariant characteristics of people, including time-constant preferences. We control for time-variant confounders as much as possible by accounting for (changes in) monthly wage, the industry in which people work, the type of employment, whether or not individuals have a partner or kids at home, and the wage of the partner.
4
Results
Evidence for preference-based sorting
In this subsection we examine the difference in commuting preferences between telecommuters and non-telecommuters. We do this by estimating the effect of commuting time on job search and the propensity to change jobs, for both groups. We standardize this effect by the effects of wage on job search and mobility to obtain the marginal costs of one- In Table 2 we estimate the daily MCC using the two distinct approaches. We follow the literature and use a random effects probit model to deal with potential heterogeneity among different individuals. 6 According to the job search model in column (1) commuting time has a greater effect on job search for telecommuters than for non-telecommuters. In monetary terms, non-telecommuters are willing to accept a 1 minute longer one-way commute for €2.89 per work day, while telecommuters are willing to accept a 1 minute longer commute for €4.40. 7 Note that this is in spite of the fact that, by definition, telecommuters commute less frequently, compared to non-telecommuters, so the MCC per commuting trip may be even higher for telecommuters. Furthermore, according to this model age has a positive but marginally decreasing effect on the propensity to search, and higher educated people search more. The effect of telecommuting itself is significant, and according to this model telecommuting more than 1 day per month makes it 11.8 percent less likely to search for a job. 8 This positive effect indicates that telecommuting has value in itself for instance by increasing productivity or by improving the quality of matches on the labour market (due to larger search areas).
In column (2) we estimate the same model with job mobility (changing jobs within two years) as the dependent variable. According to this model the MCC is €2.82 for nontelecommuters, and €4.14 for telecommuters. These values are remarkably similar to the estimates in the previous model, and importantly the ratio between these values is similar too (1.52 vs. 1.47). According to this model the effect of age on mobility is predominantly negative, and higher educated people are more mobile. The effect of telecommuting itself on job moving is not significant, and the point estimate is smaller, but comparable to the one in the previous model.
In conclusion, this part of the analysis shows that the MCC is about 50 percent higher on average for telecommuters, in spite of the fact that their commuting frequency is lower.
Therefore it is established that preferences of telecommuters differ significantly from nontelecommuters in terms of commuting tolerance. More specifically, as it seems that telecommuters value commuting time much higher, not taking into account sorting when analysing the effect of telecommuting on commuting time would lead to underestimation of the real effect. 
Commuting time
In this subsection we estimate the effect of telecommuting on commuting time, controlling for preference-based sorting by employing individual fixed effects. We start with an OLS model and we compare the resulting estimates with the results of a fixed effects model. For efficient estimation of the fixed effects and to reduce the noise due to individual heterogeneity we only include the 326 individuals for whom we have valid observations for all years. 9 Because the dependent variable is in logs, 16 observations with 0 commuting time are excluded from the analysis, so we are left with 2,266 observations. Table 3 shows the OLS results. In column (1) we use a telecommuting dummy that equals 1 if an individual usually telecommutes at least 1 day per month. According to this model telecommuting results in a 4.1 percent longer commute on average. 10 Furthermore, a 10 percent increase in daily wage is associated with a 1.6 percent increase in commuting time, the level of education has a positive effect on commuting time, commuting patterns are gendered (women have about 7.2 percent shorter commutes), and individuals with children at home have about 11.3 percent shorter commutes. Except for the insignificant effect of age, these findings are in line with earlier results on Dutch commuting behaviour, which showed that females, and people with children, have shorter commutes on average, and people of higher socio-economic status commute longer (Van Ham 2002; Burger et al. 2014 ).
Employees of larger firms commute longer according to this model.
In column (2) we distinguish between 1, 2, 3, and more than 3 days of telecommuting per month. The results show that the positive effect found in the previous column is mainly driven by telecommuters that telecommute 2 or 3 days per month, as the effects of other telecommuting categories (1 day and >3 days) are small and insignificant. The coefficients of the other variables are virtually unaffected by this alternative measure of telecommuting. In column (3) we measure telecommuting by the usual number of hours per week spent telecommuting. Arguably this is the most precise measure of telecommuting intensity. According to the model every 8 additional hours of telecommuting lead to a 2.2 percent increase in commuting time. The other coefficients are again similar to those in previous models. 9 A selectivity bias test based on Verbeek and Nijman (1992) suggests that sample attrition is not related to the idiosyncratic errors (i.e. the coefficients of lead and lag terms of selection indicators are not significant in fixed effects models using the full, unbalanced panel).} 10 The coefficients in these log-linear models should be interpreted as an ( − 1) * 100% increase for every unit increase. For logged independent variables the coefficients can be interpreted as an elasticity. In Table 4 we estimate the same models including individual specific fixed effects that correct for all time-invariant attributes of individuals, including preferences. Coefficients are estimated based on variation within individuals over time. The results from column (1) indicate that telecommuting leads to 5.7 percent longer commutes, rather than the 4.1 percent estimated in column one. Thus the extent of the bias due to sorting is -28 percent according to this specification. The fixed effects model results in several different coefficients compared to the OLS estimates. First, the effect of daily wage on commuting time is lower when accounting for time-invariant unobservables. This may for instance be driven by correlations between capability and labour mobility. Second, it seems that ageing does not significantly influence commuting time until the age of 46, after which every additional year is associated with a longer commute. This makes sense because younger people may be more willing to move residence. Second, changes in firm size and having children at home do not affect commuting time. Finally, while we see an increasing pattern in the effects of education on commuting, only the effect of obtaining a bachelor degree is significant, and only at the 10 percent confidence level.
Column (2) is the fixed effects equivalent of Table 3 , column (2). The results from this column show that compared to non-telecommuters, individuals that telecommute 1 day per month accept a 7.7 percent longer commute, those telecommuting 2 days per month a similar but lower 7.6 percent, those that telecommute 3 days commute 5 percent longer, and those that telecommute more have a 3.3 percent longer commute (only significant at the 10 percent confidence level). This result is somewhat counter-intuitive as it suggests positive but decreasing effect of telecommuting on commuting time. It should however be noticed that the only significant difference in coefficients between consecutive categories is the one between no telecommuting and telecommuting 1 day per month. Other coefficients in this model are similar to those in the previous column.
Finally, in column (3) we estimate the effect of (changes in) the usual weekly hours spent working at home on (changes in) commuting time. The effect is estimated at a 3 percent increase in commuting time for every 8 additional weekly hours spent working at home, indicating a 27 percent downward bias due to preference-based sorting in the OLS estimate in column (3), Table 3 . From the analyses in this subsection we conclude that telecommuting significantly affects commuting time and the bias induced by preference-based sorting of individuals into telecommuting is between -27 and -28 percent. 11 According to our results telecommuting allows people to accept 5.7 percent longer commutes on average, and for every 8 additional weekly hours spent working from home, people accept a 3 percent longer commute.
Sensitivity analysis
In this subsection we subject our results to two sensitivity checks. First, we employ a stricter identification approach based on the timing and intensity of telecommuting. We do this by only analysing individuals that telecommuted at some point during the study period. For these individuals we know that they are able to telecommute, so the decision of whether or not to telecommute, and for how many days and hours, suffers less from potentially omitted variables and self-selection. The drawback of this approach is that the external validity of the results is limited, because the effects we obtain in principle only apply to those able to telecommute. The results of these timing regressions, presented in columns (1-3) of Table 6 , Appendix A: Supplementary tables, are comparable to the estimates from Table 4 .
Second, we investigate whether there are nonlinearities in the effect of hours working from home on commuting time. We do this by estimating a dummy specification, in which the variable denoting weekly hours spent working from home is divided up into 7 categories (0, -8, 8-16, 16-24, 42-32, 32-40, and 40+) . The model, presented in the 4th column of Table 6 in Appendix A: Supplementary tables, is an alternative version of Table 4 column (3), and the marginal effects of the dummies are depicted in Figure 4 . While the graph does not show significant effects of telecommuting categories 16-24, 32-40, and 40+ hours per week, the overall pattern of point estimates follows a somewhat linear pattern. Considering the observed pattern, and the significance of the other dummies, we may conclude that the parametric approach in Table 4 column (3) is a reasonable approximation of the non-parametrically estimated shape of the relationship, and as it is more efficient it has our preference. In conclusion, our results are robust to identification based on the timing and intensity of telecommuting, and a linear specification of average weekly hours working from home is not problematic. 11 The models with a telecommuting dummy suggest a -28 percent bias (5.7 percent (FE) versus 4.1 percent (OLS)), the models with a continuous measure of weekly hours spent working from home suggest a -27 percent bias (3 percent (FE) vs 2.2 percent (OLS)). 
0
Conclusion
This paper shows that the relationship between telecommuting and commuting time suffers from a bias due to preference-based sorting that should be accounted for: the effects of commuting time on labour search and labour mobility suggest that telecommuters have a much higher (about 50 percent) value of one-way commuting time, despite their lower commuting frequency. In our analysis we show that this sorting bias has a downward effect on OLS estimates in the range of 27 to 28 percent. Our preferred estimates suggest that moving from a situation with no telecommuting, telecommuting allows people to accept 5.7 percent longer commuting times on average, and every additional 8 weekly hours of working from home are associated with 3 percent longer commuting times. These results are robust to a number of sensitivity checks in which we apply an even stricter identification method based on the timing of telecommuting, and allow for a non-linear effect of weekly hours working from home Thus, telecommuting has a significant impact on the commuting distances that people are willing to accept, and with that, on the geographical scale of labour markets.
There are some limitations to the research approach in this paper that could inspire further research. First, we only analyse commuting time, and not commuting distance, because we lack the proper data. Several studies do investigate the effect of telecommuting on both commuting time and distance, and generally find greater elasticities for distance (Andreev et al. 2010; Zhu 2012) . Theoretically, focusing on commuting time, and ignoring commuting distance, is justified by assuming that commuting speed is optimally chosen (Van Ommeren and Fosgerau 2009). Second, while we take into account the effects of self-selection, we ignore the possibility that long commutes trigger telecommuting. We argue that whether or not increases in commuting time trigger teleworking, or teleworking triggers longer commutes is irrelevant, because it both entails a geographical expansion of labour relations.
However, future research may be directed at finding instruments for changes in telecommuting, unrelated to changes in commuting time to assess the one-way causal effect.
Finally, our fixed effects model corrects for the bias induced by preference-based sorting only to the extent that these preferences are time-invariant. We are hopeful that our extensive list of control variables captures remaining changes in these preferences, and we note that including fixed effects may at least capture more of the sorting bias than OLS models.
In line with earlier work, our results suggest that the travel savings made by working one or several days at home are not fully offset by the positive effects on commuting distance alone (Jiang 2008; Andreev et al. 2010; Zhu 2012) . Beyond that, this paper stresses the effects of telecommuting on the geographical territory of labour markets. Next to reducing the labour accessibility gap between central and remote areas, telecommuting may also allow the externalities associated with the size of local labour markets, including improved searching and matching and less unfilled vacancies (Moretti 2011) , to be increasingly generated across greater geographical areas, and through wider infrastructure networks (Burger and Meijers 2016) . Further research may focus on the welfare effects associated with a wider geographical extent of labour markets.
